1 Motivating the choice of the total count threshold T The threshold T should be chosen so that cell-containing droplets are not used to estimate the ambient profile. Otherwise, our estimate will be distorted and we will have less power to discriminate between cells and empty droplets. To check if this occurs in real data, we calculated a p-value against the ambient null hypothesis for each barcode b ∈ G, i.e., with t b ≤ T where T = 100 by default. Ideally, we should observe a uniform distribution of p-values under the assumption that all barcodes in G are genuinely empty. However, if cell-containing droplets are present in G, we should observe an enrichment of low p-values. These low p-values either correspond to the cell-containing droplets themselves, or to genuinely empty droplets that no longer fit to our distorted estimate of the ambient profile.
In most datasets, we observed a minor enrichment of low p-values in an otherwise uniform distribution (Supplementary Figure 1) . We attribute these small spikes of low p-values to the presence of cell-containing droplets that fall below the default T = 100. Nonetheless, the distributions are mostly uniform, which demonstrates that our statitical model provides an accurate description of transcript sampling. It also suggests that distortions of the ambient profile due to cell-containing droplets are not a major issue. The exception is the neurons 900 dataset where we see a clear enrichment of very low and very large p-values. This effect is not consistent with distortion of the ambient profile, which should only result in a skew towards low p-values. Rather, we hypothesize that it is driven by violations of the independent sampling assumption (e.g., if transcript molecules are bound together in RNA complexes and co-sampled into droplets). Positive correlations between molecules would increase the probability of obtaining droplets that are very similar or very different to the ambient profile.
Physically justifying the Dirichlet-multinomial model
Denote λ bg as the number of transcript molecules of gene g in an empty droplet with cell barcode b. Upon sequencing, the UMI count for g follows a Poisson distribution [1] with mean ω b c g λ bg , where ω b represents the capture efficiency of library preparation for b and c g represents the capture efficiency for transcripts of g. If we condition on the total count, the count vector for b follows a multinomial distribution with probability of sampling g equal to c g λ bg C −1 where C = c g λ g across all g. We further assume that λ bg ∼ Gamma(v b µ g , 1) independently for each g, where µ g represents the ambient concentration of transcript molecules for g and v b represents the volume of the droplet corresponding to b. Here, the absolute number of molecules is assumed to be sufficiently large such that λ bg is well-modelled by a continuous distribution. If the per-gene capture efficiency c g is similar across all g and/or if the expected number of molecules E(λ bg ) = v b µ g is very large, the count vector for b will follow a Dirichlet-multinomial distribution with α = v b C 2 and probability of sampling g equal to c g µ g C −1
2 where C 2 = c g µ g . These conditions are necessary as scaling λ bg by c g does not preserve the Gamma scale parameter of 1 that is required to define a Dirichlet distrbution. If c g is constant across genes, it cancels out and can be ignored entirely, while if v b µ g is large, the variance of Dirichlet distribution approaches zero and any incorrect scaling of the variance due to c g can be ignored.
As mentioned previously, the role of α is to model overdispersion in the counts, with greater variance leading to smaller estimates of α. Overdispersion can be introduced when the expected ambient profile differs across droplets due to local fluctuations in transcript molecule concentration or changes in the ambient pool over the runtime of the scRNA-seq protocol. In the Dirichlet-multinomial model, such differences in the expected profile are represented by independent probability vectors sampled from the Dirichlet distribution. The same model can also accommodate overdispersion from other sources, such as amplification-induced scaling effects after incomplete removal of PCR duplicates; or from correlated sampling of transcript molecules when RNA is present in cell-free complexes or granules.
further information, it is difficult to determine whether the lack of detection is correct (i.e., the missing barcodes are empty droplets) or if this represents a minor loss of power. We note that EmptyDrops can always be made to report a superset of the barcodes identified by CellRanger, simply by setting U to the CellRanger-identified threshold. We do not do so as the CellRanger threshold may not be appropriate. For example, CellRanger has an average observed FDR of 11 -45% in simulations based on the T-cell dataset. By comparison, EmptyDrops approximately controls the type I error rate across assumed empty droplets in most real datasets (Supplementary Figure 1) . Moreover, the CellRangeronly barcodes generally clustered with barcodes that were detected by both methods (Supplementary Figure 17a ). This suggests that the "conservativeness" of EmptyDrops is not a major problem, as it only results in the loss of some cells from a cluster that would have been detected irrespectively. Table S2 : Overview of the publicly available datasets from the 10X Genomics website that were used in this study. The organism, cell type, expected number of cells and the version of the CellRanger software (used for processing the raw sequencing data) is shown for each dataset. Table 2 where the p-value represents the deviation from the ambient profile. Supplementary Table 2 .
The top 10 genes with the strongest differential expression are also highlighted, based on a likelihood ratio test with a Poisson generalized linear model.1e+00 1e+02 1e+04 1e+06 1 10 100 1000 10000
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Total countFig. S17: t-SNE plots for the 4K PBMC dataset, constructed from barcodes that were detected with EmptyDrops and/or CellRanger. Each point represents a barcode and is coloured based on (a) whether it was detected as a cell with each method; or (b) the expression of platelet marker genes PF4 and PPBP. Expression in each barcode was quantified as the sum of the normalized log-expression values across all marker genes. Arrows mark the putative platelet population.
